INTRODUCTION
There is a growing demand to improve the control of systems for enhanced performance with increased reliability, durability and maintainability. This demand can be met by improving the individual reliability of system components and also by an intelligent control system with fault-detection, diagnostics and accommodation capabilities [1, 2] . This paper focuses on the development of a model-based fault-detection and diagnosis (FDD) system which can be used as an integral part of such an intelligent control system.
During the last two decades of the development of faultdetection methods, the so called model-based fault-detection approach has received considerable attention [3, 4, 5, 6] . These schemes basically rely on the idea of analytical redundancy.
As opposed to physical redundancy which uses measurements from redundant sensors for fault-detection purposes, analytical redundancy is based on the signals generated by the mathematical model of the system being considered.
These signals are then compared with the actual measurements obtained from the system. The residual quantities are generated by comparing the measured and the model-generated signals. Hence, the modelbased fault-detection and diagnosis is defined as the determination of faults of a system from the comparison of the measurements of the system with a priori information represented by the model of the system.
A fault is defined as a malfunction that deteriorates a plant's ability to perform its specified tasks.
Since the faults alter the system dynamics, they can be modelled as changes in the system's parameters. The fault-detection task is the act of identifying the existence of these changes. The fault diagnosis task is the act of isolating and estimating the magnitude of the fault. The basis for the isolation of a fault is the fault signature, i.e. a signal obtained from a diagnostic model defining the effects associated with a class of faults. A diagnostic model is obtained by defining the residual vector in such a manner that its direction is associated with known fault signatures. Furthermore, each signature has to be unique to one fault in order to accomplish fault isolation. A set of parity relations [3] or a set of unknown input observers [4] , each assigned to be sensitive to a different fault, can be used for this purpose.
The organization of this paper is as follows. First, the method of modelling a complex system will be described. This is followed by a description of diagnosis models which include process faults.
Next, the architecture for fault-detection and diagnosis is described. Finally, simulation results of fault diagnosis of the Space Shuttle Main Engine (SSME) are given.
PROCESS MODEL
The nominal condition of a process under study can be modelled as a discrete, linear, time-invariant system described by:
where x is the state vector, u is the input vector and y is the output vector.
The matrices A, B, and C of this model can be determined by using a multivariable system identification technique. A system identification algorithm, developed in [7] to determine these parameters based on the observability indices of the system from the measurements of the input and output data, was used in this paper.
The A, B, C matrices obtained for this model will be used as baseline process parameters of the system. Any changes of these parameters observed through real thne identification, away from preselected threshold values are used to detect and diagnose the faults.
Furthermore, if the system is to be operated over a wide range and a linear model can not accurately represent the system characteristics then a series of parameter identifications will be needed to cover the possible range of operation conditions. A piecewise linear model which links all the operation conditions canbedescribed by:
x(nll) = A(y,) x(n) _ B(y,) u(n)
(2) y(n) = C(y,) x(n) where y, is tile scheduling variable and is a subset of the output measurement y.
System Degradation Model
In the case of system perfomlance degradation, it is assumed that only the system matrix A will be affected. 
Actuator Fault Model
An actuator fault occurs when the actuator output cannot follow the command signal. The error can be either multiplicative or additive. It can be described by the following equation:
where u,t(n) is the actual system input under the actuator fault condition and uc(n) is the commanded system input. F, is a diagonal matrix representing the multiplicative distortion of the command signal and f,o is a constant vector representing the bias, both with appropriate dimensions.
During normal operation, F, = I and f,o = 0. Different fault modes will result in different values of F, and f,o. The values of F, and f,o will be esthnated and used to identify the corresponding fault modes.
By replacing the input signal u in equation (1) with the actual input signal u,r, a model for the system with the actuator faults is obtained.
BF, is the new input gain matrix and Bf, o is a bias term.
Sensor Fault Model
Shuilar to the way actuator faults were handled, sensor faults can also be modelled as a combination of muhiplicative and bias errors:
where ya(n) are the sensor outputs through possible failed sensors and y(n) the actual process outputs.
The matrix F, is a diagonal matrix for the multiplicative error and f,o is a constant vector for the measurement bias, both with appropriate The system model of the process with failed sensors can be obtain as:
where AA is a matrix representing the effect of the fault mode under study. The determination of the elements of AA requires the analysis of the system using a physical model or empirical data.
The process model of a system with performance degradation becomes:
We now define F,, f,o, F°, f,o and AA as fault paraJneters. The following section describes the strategy of detecting the fault and estimating the fault parameters using a distributed on-line parameter identification scheme.
For a complete model that describes all three possible classes of faults the system equation will be:
FAULT-DETECTION AND DIAGNOSIS
In the fault-detection and diagnosis for the system modelled by equation (9), one approach is to have an on-line estimation algorithm for all fault parameters in the equation. The estimated fault parameters can be compared to the predetermined signature of the fault modes of different classes. This approach is difficult in estimating many fault parameters at the same time. Also, the signatures of the fault parameters can be ambiguous if they were estimated by a single module. Thus, instead of direct estimation of parameter matrices A, B, C, and their related fault parameters, a two-step approach is proposed.
The first step composed of a group of "Hypothesis Testing Modules" (HTM) in parallel processing to test each class of faults.
Each module is solely designed to process the input/output data under a specified hypothesis and generate the fault signature data for diagnostics purposes. The second step is the fault diagnosis module which checks all the information obtained from the HTM level, isolates the fault, and determine its magnitude. Figure  I shows the structure of the fault detection and diagnostic system.
Hypothesis
Testing Modules As illustrated in Figure I , there are three fault parameter estimation modules in the first data processing layer. These modules are used for on-line identification of fault parameters corresponding to hypothesized actuator, sensor or system faults.
The first module process the data under the assumption of possible actuator faults, i.e. modelled by equation (4) For this purpose the residual of the proposed model is defined as:
here subscript i mid j refers to tile i'th output and j'th class of faults, z_(n) is tile measurement of i'th output. It) represents the hypothesis that the fault belongs to tile j'th class of faults.
_i(n]n-1, H) is the estimation of the i'th output given all the hlfonnation up to n-l 'th sampling under the hypothesis H). The values of ell are calculated at each step using the most recen! estimate of the fault p,ar,'uueters and the statistics of e,j are used to accept or reject the hypothesis.
Fault Detection and Diagnosis Logic
This module examines ,all tile estimated fault par,'uneter values and the statistics of the residual vectors aml generates a conclusion as to the fault status of the system. This is done by In all the following cases, the simulation was started from steady state. The sirnuhltion shows that the diagnostic system is not only able to identify tile correct actuator fault type after the initial transient but also able to estimate the magnitude of the bias due to tile fault which can be very important in designing tile control accommodation for the fault. return to approximately zero after the initial transient. Figure  4 shows the residual values calculated by the module which hypothesizes system degradation faults. In this figure, the residual vector elements are at least ten times higher than those in figure 3. Similarly large residual values were computed by the third module.
It can be seen that these values can be used to test the validity of the hypothesis modules. , '7', ' .... I , ', J, , '" ; 4 -\,J"" "V'('/' .." ......... ....-...:,-.....,-.. :-.. ....... _.... _.......... ticm shows that the diagnostic system is able to identify the correct paranaeter after the initial transient. After the fault, the parameter values are estimated at F, = I, f, ol = 0 and f=,2 = -2. The simulation shows that the diagnostic system is able to identify the correct parameter after the initial transient. Figure 7 shows that the proposed hypothesis testing module is able to correctly estimate the fault paran_eter values within 2 to 3 seconds.
Case 5: Bias in Chamber Pressure (Pc) Sensor Figure 8 shows the results obtained for the case of a faulty sensor with a bias of 1% on sensor one (chamber pressure). As expected, the results are that the estimated fault parameters F, = I and the bias terms f,,, = 0 except f,ol which is the indicator of Pc measurement bias.
As illustrated in these simulation results, both the faultdetection and the estimation of the extent of faults can be detemained by using the proposed approach.
These simulations indicate that a duration of two seconds is sufficient for the fault detection and diagnosis. 
CONCLUSION

